Abstract. This paper proposes a chunking strategy to detect unknown words in Chinese word segmentation. First, a raw sentence is pre-segmented into a sequence of word atoms 1 using a maximum matching algorithm. Then a chunking model is applied to detect unknown words by chunking one or more word atoms together according to the word formation patterns of the word atoms. In this paper, a discriminative Markov model, named Mutual Information Independence Model (MIIM), is adopted in chunking. Besides, a maximum entropy model is applied to integrate various types of contexts and resolve the data sparseness problem in MIIM. Moreover, an error-driven learning approach is proposed to learn useful contexts in the maximum entropy model. In this way, the number of contexts in the maximum entropy model can be significantly reduced without performance decrease. This makes it possible for further improving the performance by considering more various types of contexts. Evaluation on the PK and CTB corpora in the First SIGHAN Chinese word segmentation bakeoff shows that our chunking approach successfully detects about 80% of unknown words on both of the corpora and outperforms the best-reported systems by 8.1% and 7.1% in unknown word detection on them respectively.
Introduction
Prior to any linguistic analysis of Chinese text, Chinese word segmentation is the necessary first step and one of major bottlenecks in Chinese information processing since a Chinese sentence is written in a continuous string of characters without obvious separators (such as blanks) between the words. During the past two decades, this research has been a hot topic in Chinese information processing [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] .
There exist two major problems in Chinese word segmentation: ambiguity resolution and unknown word detection. While n-gram modeling and/or word cooccurrence has been successfully applied to deal with the ambiguity problems [3, 5, 10, 12, 13] , unknown word detection has become the major bottleneck in Chinese 1 In this paper, word atoms refer to basic building units in words. For example, the word "计算 机 " (computer) consists of two word atoms: " 计 算 "(computing) and " 机 "(machine). Generally, word atoms can either occur independently, e.g. "计算"(computing), or only become a part of a word, e.g. "机"(machine) in the word "计算机" (computer). word segmentation. Currently, almost all Chinese word segmentation systems rely on a word dictionary. The problem is that when the words stored in the dictionary are insufficient, the system's performance will be greatly deteriorated by the presence of words that are unknown to the system. Moreover, manual maintenance of a dictionary is very tedious and time consuming. It is therefore important for a Chinese word segmentation system to identify unknown words from the text automatically.
In literature, two categories of competing approaches are widely used to detect unknown words 2 : statistical approaches [5, 11, 12, 13, 14, 15] and rule-based approaches [5, 11, 14, 15] . Although rule-based approaches have the advantage of being simple, the complexity and domain dependency of how the unknown words are produced greatly reduce the efficiency of these approaches. On the other hand, statistical approaches have the advantage of being domain-independent [16] . It is interesting to note that many systems apply a hybrid approach [5, 11, 14, 15] . Regardless of the choice of different approaches, finding a way to automatically detect unknown words has become a crucial issue in Chinese word segmentation and Chinese information processing in general.
Input raw sentence:
graduate from JiaoTong University.
Fig. 1. MMA and unknown word detection by chunking: an example
This paper proposes a chunking strategy to cope with unknown words in Chinese word segmentation. First, a raw sentence is pre-segmented into a sequence of word atoms (i.e. single-character words and multi-character words) using a maximum matching algorithm (MMA) 3 . Then a chunking model is applied to detect unknown words by chunking one or more word atoms together according to the word formation patterns of the word atoms. Figure 1 gives an example. Here, the problem of unknown word detection is re-cast as chunking one or more word atoms together to form a new word and a discriminative Markov model, named Mutual Information Independence Model (MIIM), is adopted in chunking. Besides, a maximum entropy model is applied to integrate various types of contexts and resolve the data sparseness problem in MIIM. Moreover, an error-driven learning approach is proposed to learn useful 2 Some systems [13, 14] focus on proper names due to their importance in Chinese information processing. 3 A typical MMA identifies all character sequences which are found in the word dictionary and marks them as words. Those character sequences, which can be segmented in more than one way, are marked as ambiguous and a word unigram model is applied to choose the most likely segmentation sequence. The remaining sequences, i.e. those not found in the dictionary, are called fragments and segmented into single characters. In this way, each Chinese sentence is pre-segmented into a sequence of single-character words and multicharacter words. For convenience, we call these single-character words and multi-character words in the output of the MMA algorithm as word atoms.
contexts in the maximum entropy model. In this way, the number of contexts in the maximum entropy model can be significantly reduced without performance decrease. This makes it possible for further improving the performance by considering more various types of contexts in the future. Evaluation on the PK and CTB corpora in the First SIGHAN Chinese word segmentation bakeoff shows that our chunking strategy performs best in unknown word detection on both of the corpora. The rest of the paper is as follows: In Section 2, we will discuss in details about our chunking strategy in unknown word detection. Experimental results are given in Section 3. Finally, some remarks and conclusions are made in Section 4.
Unknown Word Detection by Chunking
In this section, we will first describe the chunking strategy in unknown word detection of Chinese word segmentation using a discriminative Markov model, called Mutual Information Independence Model (MIIM). Then a maximum entropy model is applied to integrate various types of contexts and resolve the data sparseness problem in MIIM. Finally, an error-driven learning approach is proposed to select useful contexts and reduce the context feature vector dimension.
Mutual Information Independence Model and Unknown Word Detection

Mutual Information Independence Model
In this paper, we use a discriminative Markov model, called Mutual Information Independence Model (MIIM) proposed by Zhou et al [17] 4 , in unknown word detection by chunking. MIIM is derived from a conditional probability model. Given an observation sequence
, the goal of a conditional probability model is to find a stochastic optimal state(tag) sequence
The second term in Equation (1) is the pair-wise mutual information (PMI) between n S 1 and n O 1 . In order to simplify the computation of this term, we assume a pair-wise mutual information independence (2):
That is, an individual state is only dependent on the observation sequence n O 1 and independent on other states in the state sequence n S 1 . This assumption is reasonable because the dependence among the states in the state sequence n S 1 has already been captured by the first term in Equation (1) . Applying Equation (2) to Equation (1), we have Equation (3) 5 :
We call the above model as shown in Equation (3) the Mutual Information Independence Model due to its pair-wise mutual information assumption as shown in Equation (2). The above model consists of two sub-models: the state transition model
as the first term in Equation (3) [20, 21, 22] , where each tag is assumed to be dependent on the N-1 previous tags (e.g. 2). The problem with the above MIIM lies in the data sparseness problem raised by its output model:
would have sufficient training data for every event whose conditional probability we wish to calculate. Unfortunately, there is rarely enough training data to compute accurate probabilities when decoding on new data. Generally, two smoothing approaches [21, 22, 23] are applied to resolve this problem: linear interpolation and back-off. However, these two approaches only work well when the number of different information sources is very limited. When a few features and/or a long context are considered, the number of different information sources is exponential. This makes smoothing approaches inappropriate in our system. In this paper, the maximum entropy model [24] is proposed to integrate various context information sources and resolve the data sparseness problem in our system. The reason that we choose the maximum entropy model for this purpose is that it represents the state-ofthe-art in the machine learning research community and there are good implementations of the algorithm available. Here, we use the open NLP maximum entropy package 6 in our system.
Maximum Entropy
The maximum entropy model is a probability distribution estimation technique widely used in recent years for natural language processing tasks. The principle of the maximum entropy model in estimating probabilities is to include as much information as is known from the data while making no additional assumptions. The maximum entropy model returns the probability distribution that satisfies the above property with the highest entropy. Formally, the decision function of the maximum entropy model can be represented as:
where o is the outcome, h is the history (context feature vector in this paper), Z(h) is a normalization function, {f 1 , f 2 , ..., f k } are feature functions and {α 1 , α 2 , …, α k } are the model parameters. Each model parameter corresponds to exactly one feature and can be viewed as a "weight" for that feature. All features used in the maximum entropy model are binary, e.g. : current word atom formation pattern, current word atom, next word atom formation pattern and next word atom However, there exists a problem when we include above various context information in the maximum entropy model: the context feature vector dimension easily becomes too large for the model to handle. One easy solution to this problem is to only keep those frequently occurring contexts in the model. Although this frequency filtering approach is simple, many useful contexts may not occur frequently and be filtered out while those kept may not be useful. To resolve this problem, we propose an alternative error-driven learning approach to only keep useful contexts in the model.
Context Feature Selection Using Error-Driven Learning
Here, we propose an error-driven learning approach to examine the effectiveness of various contexts and select useful contexts to reduce the size of the context feature vector used in the maximum entropy model for estimating ) | (
in the output model of MIIM. This makes it possible to further improve the performance by incorporating more various types of contexts in the future.
Assume Φ is the container for useful contexts. Given a set of existing useful contexts Φ and a set of new contexts ∆Φ , the effectiveness of a new context
, is measured by the i C -related reduction in errors which results from adding the new context set ∆Φ to the useful context set Φ : on the remaining 50% of the training data according to the context effectiveness measure as shown in Equation (6) 
C is marked as a useful context and added to Φ . In this way, all the useful contexts in ∆Φ are incorporated into the useful context set Φ . Similarly, we can include useful contexts of other context types into the useful context set Φ one by one. In this paper, various types of contexts are learnt one by one in the exact same order as shown in Section 2.2. Finally, since different types of contexts may have cross-effects, the above process is iterated with the renewed useful context set Φ until very few useful contexts can be found at each loop. Our experiments show that iteration converges within four loops.
Experimental Results
All of our experiments are evaluated on the PK and CTB benchmark corpora used in the First SIGHAN Chinese word segmentation bakeoff 7 with the closed configuration. That is, only the training data from the particular corpus is used during training. For unknown word detection, the chunking training data is derived by using the same Maximum Matching Algorithm (MMA) to segment each word in the original training data as a chunk of word atoms. This is done in a two-fold way. For each fold, the MMA is trained on 50% of the original training data and then used to segment the remaining 50% of the original training data. Then the MIIM is used to train a chunking model for unknown word detection on the chunking training data. Table 1 shows the details of the two corpora. Here, OOV is defined as the percentage of words in the test corpus not occurring in the training corpus and indicates the out-ofvocabulary rate in the test corpus. Table 2 shows the detailed performance of our system in unknown word detection and Chinese word segmentation as a whole using the standard scoring script 8 on the test data. In this and subsequent tables, various evaluation measures are provided: precision (P), recall (R), F-measure, recall on out-of-vocabulary words ( OOV R ) and recall on in-vocabulary words ( IV R ). It shows that our system achieves precision/recall/F-measure of 93.5%/96.1%/94.8 and 90.5%/90.1%/90.3 on the PK and CTB corpora respectively. Especially, our chunking approach can successfully detect 80.5% and 77.6% of unknown words on the PK and CTB corpora respectively. Table 3 and Table 4 compare our system with other best-reported systems on the PK and CTB corpora respectively. Table 3 shows that our chunking approach in unknown word detection outperforms others by more than 8% on the PK corpus. It also shows that our system performs comparably with the best reported systems on the PK corpus when the out-of-vocabulary rate is moderate(6.9%). Our performance in Chinese word segmentation as a whole is somewhat pulled down by the lower performance in recalling in-vocabulary words. This may be due to the preference of our chunking strategy in detecting unknown words by wrongly combining some of invocabulary words into unknown words. Such preference may cause negative effect in Chinese word segmentation as a whole when the gain in unknown word detection fails to compensate the loss in wrongly combining some of in-vocabulary words into unknown words. This happens when the out-of-vocabulary rate is not high, e.g. on the PK corpus. Table 4 shows that our chunking approach in unknown word detection outperforms others by more than 7% on the CTB corpus. It also shows that our system outperforms the other best-reported systems by more than 2% in Chinese word segmentation as a whole on the CTB corpus. This is largely due to the huge gain in unknown word detection when the out-of-vocabulary rate is high (e.g. 18.1% in the CTB corpus), even though our system performs worse on recalling in-vocabulary words than others. Evaluation on both the PK and CTB corpora shows that our chunking approach can successfully detect about 80% of unknown words on corpora with a large range of the out-of-vocabulary rates. This suggests the powerfulness of using various word formation patterns of word atoms in detecting unknown words. This also demonstrates the effectiveness and robustness of our chunking approach in unknown word detection of Chinese word segmentation and its portability to different genres. Finally, Table 5 and Table 6 compare our error-driven learning approach with the frequency filtering approach in learning useful contexts for the output model of MIIM on the PK and CTB corpora respectively. Due to memory limitation, at most 400K useful contexts are considered in the frequency filtering approach. First, they show that the error-driven learning approach is much more effective than the simple frequency filtering approach. With the same number of useful contexts, the errordriven learning approach outperforms the frequency filtering approach by 7.8%/0.6% and 5.5%/0.8% in OOV R (unknown word detection)/F-measure(Chinese word segmentation as a whole) on the PK and CTB corpora respectively. Moreover, the error-driven learning approach slightly outperforms the frequency filtering approach with the best configuration of 2.5 and 3.5 times of useful contexts. Second, they show that increasing the number of frequently occurring contexts using the frequency filtering approach may not increase the performance. This may be due to that some of frequently occurring contexts are noisy or useless and including them may have negative effect. Third, they show that the error-driven learning approach is effective in learning useful contexts by reducing 96-98% of possible contexts. Finally, the figures inside parentheses show the number of useful patterns shared between the error-driven learning approach and the frequency filtering approach. They show that about 40-50% of useful contexts selected using the error-driven learning approach do not occur frequently in the useful contexts selected using the frequency filtering approach. 
Conclusion
In this paper, a chunking strategy is presented to detect unknown words in Chinese word segmentation by chunking one or more word atoms together according to the various word formation patterns of the word atoms. Besides, a maximum entropy model is applied to integrate various types of contexts and resolve the data sparseness problem in our strategy. Finally, an error-driven learning approach is proposed to learn useful contexts in the maximum entropy model. In this way, the number of contexts in the maximum entropy model can be significantly reduced without performance decrease. This makes it possible for further improving the performance by considering more various types of contexts. Evaluation on the PK and CTB corpora in the First SIGHAN Chinese word segmentation bakeoff shows that our chunking strategy can detect about 80% of unknown words on both of the corpora and outperforms the best-reported systems by 8.1% and 7.1% in unknown word detection on them respectively. While our Chinese word segmentation system with chunkingbased unknown word detection performs comparably with the best systems on the PK corpus when the out-of-vocabulary rate is moderate(6.9%), our system significantly outperforms others by more than 2% when the out-of-vocabulary rate is high(18.1%). This demonstrates the effectiveness and robustness of our chunking strategy in unknown word detection of Chinese word segmentation and its portability to different genres.
